Featured Application: This work can be conjunctly used with the support characteristic curve of circular tunnels to find the optimum time of the installation of the support system in a way to restrict the displacements to a specific value. The approach described in this manuscript facilitates the design of circular tunnels for elasto-plastic, strain-softening rock masses obeying both Mohr-Coulomb and Hoek-Brown strength criteria.
Introduction
Convergence-confinement is a broadly applied method to design underground structures. In this method, a ground reaction curve (GRC) is applied to evaluate the interaction between the rock mass and the support system near the tunnel's face at the time of construction [1] [2] [3] . The classical problem of a circular tunnel constructed in the rock mass medium is illustrated in Figure 1b (according to [4] ). This problem uses two well-known rock mass strength criteria: Mohr-Coulomb and Hoek-Brown. These criteria are usually adopted to investigate the behavior of materials. As described in references [4] [5] [6] , the governing equilibrium equation of this problem is as presented in Figure 1d . In Figure 1 , is the radial stress, and represents the tangential (hoop) stress, while the distance from the center of tunnel is shown using the parameter. Thus, compatibility equations are simultaneously used to solve the stress-strain around the tunnel. In this regard, a plastic potential function and associated/non-associated flow rules are applied to find the governing relationship between the radial and tangential plastic strains [1, 4, 5, [7] [8] [9] [10] [11] [12] [13] . The stress-strain around the tunnel is also calculated, considering the strength parameters in different zones (the peak, residual, and softening parameters), as presented in Figure 1a ,c, according to reference [4] . As explained in reference [4] , using different yield and potential functions, the non-associated flow rule is the modeled and adopted as the flow rule in all the cases. Also, starting from the peak strength parameters, the deterioration of the strength parameters of the material (referred to as the softening behavior of the rock mass around the tunnel) begins and continues. For softening parameter values higher than the critical value, the residual parameters are taken into the considerations. As shown in Figure 1a ,c, ( ) represents each of the strength parameters of the rock mass, and and * , respectively, are the softening and the critical softening parameters. In this figure, is the far-field in situ rock stress. In addition, Mohr-Coulomb and Hoek-Brown strength criteria are commonly used as two appropriate criteria to correctly evaluate the post-elastic behavior of rock mass. These criteria are, also, broadly applied in the literature for the development of the GRC. Hence, in this paper, available solutions with regard to the described problem are gathered, and rigorous datasets In Figure 1 , σ r is the radial stress, and σ θ represents the tangential (hoop) stress, while the distance from the center of tunnel is shown using the r parameter. Thus, compatibility equations are simultaneously used to solve the stress-strain around the tunnel. In this regard, a plastic potential function and associated/non-associated flow rules are applied to find the governing relationship between the radial and tangential plastic strains [1, 4, 5, [7] [8] [9] [10] [11] [12] [13] . The stress-strain around the tunnel is also calculated, considering the strength parameters in different zones (the peak, residual, and softening parameters), as presented in Figure 1a ,c, according to reference [4] . As explained in reference [4] , using different yield and potential functions, the non-associated flow rule is the modeled and adopted as the flow rule in all the cases. Also, starting from the peak strength parameters, the deterioration of the strength parameters of the material (referred to as the softening behavior of the rock mass around the tunnel) begins and continues. For softening parameter values higher than the critical value, the residual parameters are taken into the considerations. As shown in Figure 1a ,c, ω(η) represents each of the strength parameters of the rock mass, and η and η * , respectively, are the softening and the critical softening parameters. In this figure, σ 0 is the far-field in situ rock stress. In addition, Mohr-Coulomb and Hoek-Brown strength criteria are commonly used as two appropriate criteria to correctly evaluate the post-elastic behavior of rock mass. These criteria are, also, broadly applied in the literature for the development of the GRC. Hence, in this paper, available solutions with regard to the described problem are gathered, and rigorous datasets for both Mohr-Coulomb and Hoek-Brown strength criteria are obtained. As presented in the following sections, the collected datasets are fed into the different types of artificial neural networks (ANNs). The main reason of ANN modeling of the tunnels' support pressure (P i ) is to save time and still obtain high accuracy in the predicted results. Previously, the evolutionary polynomial regression technique (EPR) was used by the authors to predict the P i and to develop the GRC [4] . Nevertheless, there still exist some considerable prediction errors specially in the case of the Hoek-Brown strength criterion. Thus, we suppose that, in this case, ANNs may be more accurate. In this regard, available datasets should be sorted in the way shown in Figure 1e (a typical dataset for the case of the Hoek-Brown strength criterion). As depicted, each data pair stands for a point in the U i − P i space. U i is the tunnel's radial convergence and P i represents the corresponding required internal P i . Each of the described data is a function of some input parameters (the number of input parameters is determined on the basis of the type of the used strength criterion) and presents the P i based on the all affecting parameters. For instance, in Figure 1e , P i is a function of 17 independent input parameters.
The challenge is to predict the P i of the internal support system [7] [8] [9] 14] . The commonly known ways of P i prediction employ different rock mass quality systems (e.g., rock mass rating, RMR; geological strength index, GSI, etc.) [15] . Some of these methods are also based on numerical codes, theoretical calculations, or coupled semi-analytical solutions [1, 4, 5, 7, [10] [11] [12] [16] [17] [18] [19] [20] . Most of the commercial numerical packages, usually, use different finite element/difference codes [21] . These packages first define the element types, the material properties, and the geometry, together with the boundary and loading conditions. Discrete element packages are, also, used to model a rock medium containing specific joint sets with pre-defined orientations. All the described approaches are used to derive the governing differential equations and to present the solutions of the developed system [5, 7, 12] . Hence, they first need to be well validated against rigorous, available solutions and case studies. In addition, some of the existing methods have drawbacks (e.g., some of the available numerical solutions do not consider the deterioration of the strength parameters or do not correctly take the plastic straining into consideration [1] ). Also, they require an adequate knowledge and background about the fundamentals and the theory of the convergence-confinement method and numerical and mathematical techniques. In addition to requiring an expert for the analysis, it is usually a time-consuming process to obtain the GRC. There are also other complex characteristics in the original problem which can be taken into the account, for instance, the material softening.
Considering the above, there is still a need to develop new methods for the reliable prediction of P i in the elasto-plastic, strain-softening rock mass. In this regard, in this paper, the applicability of another new intelligent method of ANN modeling to predict the P i of circular tunnels constructed in rock masses with different qualities is investigated.
The remainder of the paper is organized as follows. Section 2 presents the description of the research problems with background information, data acquisition, and the principles of different types of ANNs. Section 3 is the performance evaluation and compares the performance of ANNs with that of the previously proposed EPR models. Section 4, summarizes the results of the analyses.
Methodology
ANNs are broadly applied in engineering [22] [23] [24] [25] [26] [27] [28] [29] . Also, over the last decades, ANNs have appeared as efficient meta-modelling methods applicable to a wide range of sciences, including material science and structural engineering [30] [31] [32] . An important characteristic of ANNs is that they can be used to build soft sensors, i.e., models with the ability to estimate critical quantities without having to measure them [30] . In particular, such alternative models are built after a training process with only a few available data, selected in a previous phase, to forecast the parameters. This considerably reduces the time and money needed for the experiments. One of the applicable fields of ANNs described in the literature is the prediction of the mechanical properties of concrete materials [33, 34] . One of the main benefit of ANNs is that there is no need of any prior knowledge about the nature of the problem [35] . This makes ANNs applicable for a fast and reliable calculation of the P i by practitioners who are not expert in numerical modeling and programming. In this paper, two different types of ANNs, namely, the multi-layer perceptron (MLP) and the radial basis function (RBF), are applied to predict the P i .
Data Acquisition
A dataset was compiled from input parameters for the Mohr-Coulomb and the Hoek-Brown criteria.
The datasets for the Mohr-Coulomb criteria were from reference [8] . A total of 168 independent input and output parameters and their range of variation are presented in Table 1 . Although the datasets are those adopted from reference [8] , the presented ANN models have the following superiority: When a new dataset is available, ANN helps to have a prediction based on the relationships they have found between previously used input and output parameters. Poisson's ratio, c peak : peak cohesion, ϕ peak : peak friction angle, c res : residual cohesion, ϕ res : residual friction angle, m i : mi constant, ψ : dilation angle, σ 0 : in-situ rock stress, η * : critical softening parameter, U i : radial displacement, P i : support pressure.
It should be noted that, in this table, the unit of U i is mm, and the remaining parameters follow the units presented in the nomenclature.
Similar to the Mohr-Coulomb criteria, the dataset for the Hoek-Brown criteria was collected from the cases studied in references [5, 6, 9, 36] and [14, 37] . In total, 547 datasets were applied. Table 2 shows all the studied input and output parameters together with their range of variation. Differently from Table 1 , in Table 2 , the unit of U i is m. r i : radius of tunnel, GSI peak : peak geological strength index, GSI res : residual geological strength index, σ ci : uni-axial compressive strength, γ: unit weight, E: Young's modulus, ϑ: Poisson's ratio, m peak : peak m constant, s peak : peak s constant, a peak : peak a constant, m res : residual m constant, s res : residual s constant, a res : residual a constant, ψ peak : peak dilation angle, ψ res : residual dilation angle, σ 0 : in-situ rock stress, η * : critical softening parameter, U i : radial displacement, P i : support pressure.
The multi-layer perceptron (MLP) ANN is still used by researchers in engineering [38] . The transfer function applied in this study is the TANSIG transfer function, according to the following formula:
where e x is the weighted sum of the inputs for a neuron [39] . The radial basis function (RBF) ANNs are also popular in engineering. In RBF-ANN, by increasing the Euclidean distance between the input vector and its center, the output attained using the activation function will tend to zero. The width of RBF controls the decreasing rate of the output. Equation (2) shows the Gaussian basis function:
Performance Evaluation
This section reports the evaluation of the performance of ANNs. It was conducted on the basis of the commonly known coefficient of determination (R 2 ), root-mean-square error (RMSE), and mean absolute error (MAE) [22, 24, 27, 28, [40] [41] [42] [43] [44] [45] [46] [47] .
The Mohr-Coulomb Criterion
To evaluate the ANNs' performances, ANNs with different architectures and neurons were built. To do this, 70% of the total data fed into an ANN was used as the training dataset. The other remaining 30% was divided into two datasets, with 15% of the data used for cross-validation and 15% for testing. Then, the ANNs showing the best predictions (in terms of maximum R 2 and minimum RMSE and MAE values) were selected. As shown in Table 3 , the 15-5-10-1 and 15-15-1 networks were, respectively, the best MLP-ANN and RBF-ANN in the prediction of P i for the Mohr-Coulomb strength criterion. In this case, the overall performance of MLP-ANN was better than that of the RBF-ANN. Similar to Figure 3a ,b, Figure 4a shows a high correlation between the calculated and the ANNbased prediction for the RBF-ANN in the case of Mohr-Coulomb strength criterion. Figure 4b , which better describes the occurred errors in the predictions for each sample, is another demonstration of the high capability of the proposed ANNs. Similar to Figure 3a ,b, Figure 4a shows a high correlation between the calculated and the ANN-based prediction for the RBF-ANN in the case of Mohr-Coulomb strength criterion. Figure 4b , which better describes the occurred errors in the predictions for each sample, is another demonstration of the high capability of the proposed ANNs. 
The Hoek-Brown Criterion
Similar to the Mohr-Coulomb case, the evaluation of the performance of ANNs was carried out on the 15% of the whole data series. By investigating different one-and two-layered neural ANNs, the 15-5-15-1 and 17-3-12-1 architectures were found to be the most efficient ANNs in the prediction of the Pi of tunnels in the Hoek-Brown case. As indicated in Table 4, 
Similar to the Mohr-Coulomb case, the evaluation of the performance of ANNs was carried out on the 15% of the whole data series. By investigating different one-and two-layered neural ANNs, the 15-5-15-1 and 17-3-12-1 architectures were found to be the most efficient ANNs in the prediction of the P i of tunnels in the Hoek-Brown case. As indicated in Table 4 , the 17-5-15-1 MLP-ANN had a coefficient of determination of 99.91%, an RMSE of 0.179285 MPa, and a MAE of 0.12516 MPa. On the other hand, the most accurate RBF-ANN had an R 2 = 93.18%, an RMSE = 1.558064 MPa, and a MAE = 1.078099 MPa. Although the developed ANNs for the Mohr-Coulomb case are more accurate compared to the Hoek-Brown case in terms of occurred errors, the ANNs suggested for the Hoek-Brown modeling were still useful and efficient. Also, it was shown that that MLP-ANN are more rigorous in the prediction of the P i of circular tunnels excavated in the elasto-plastic, strain-softening, Hoek-Brown rock mass. The architecture and the topology of the most efficient MLP-ANN proposed for the modeling of the P i in the Hoek-Brown case 17-5-15-1 is shown in Figure 5 . The architecture and the topology of the most efficient MLP-ANN proposed for the modeling of the Pi in the Hoek-Brown case 17-5-15-1 is shown in Figure 5 . For the best constructed MLP-ANN, the predicted and calculated Pi, along with the relative differences of predictions and calculations for each independent exemplars are, respectively, shown in Figure 6 . As clearly illustrated, the predictions are similar to the exact values of the calculations. For the best constructed MLP-ANN, the predicted and calculated P i , along with the relative differences of predictions and calculations for each independent exemplars are, respectively, shown in Figure 6 . As clearly illustrated, the predictions are similar to the exact values of the calculations. This result, which was generally observed also for the RBF networks (Figure 7) , confirms that both MLP and RBF ANNs are highly applicable to the determination of the P i . This result, which was generally observed also for the RBF networks (Figure 7) , confirms that both MLP and RBF ANNs are highly applicable to the determination of the Pi. This result, which was generally observed also for the RBF networks (Figure 7) , confirms that both MLP and RBF ANNs are highly applicable to the determination of the Pi. 
Comparison with Previously Obtained Models
In this section, the performance of the developed ANNs is compared to that of a previous artificial intelligence (AI) technique developed by other authors [4] , i.e., the evolutionary polynomial regression (EPR), for the prediction of Pi. In this regard, the testing data series used in each of the ANNs was fed into the predictive EPR models, and the Pi were approximated. The results of the comparison between the EPR and the ANN predictions are presented. On the basis of the results, all the proposed MLP and RBF ANNs predicted the pressures more accurately than the corresponding EPR models. As an example, Figure 8 compares the results obtained from an EPR model to those predicted by the 15-5-10-1 MLP-ANN for the case of Mohr-Coulomb criterion and by the 17-5-15-1 MLP-ANN for the case of Hoek-Brown strength criterion. As shown, all the performance's evaluation criteria presented higher accuracy in the ANN-based predictions than in the EPR model. 
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ANNs was fed into the predictive EPR models, and the Pi were approximated. The results of the comparison between the EPR and the ANN predictions are presented. On the basis of the results, all the proposed MLP and RBF ANNs predicted the pressures more accurately than the corresponding EPR models. As an example, Figure 8 compares the results obtained from an EPR model to those predicted by the 15-5-10-1 MLP-ANN for the case of Mohr-Coulomb criterion and by the 17-5-15-1 MLP-ANN for the case of Hoek-Brown strength criterion. As shown, all the performance's evaluation criteria presented higher accuracy in the ANN-based predictions than in the EPR model. 
Conclusions and Perspectives
The available classical methods require a broad understanding of the governing mechanisms of the convergence-confinement method and programming skills to derive the GRC for the elasto-plastic, strain-softening rock mass. Considering the proven ability of AI techniques in the prediction of the P i of circular tunnels [4] , the applicability of another intelligent method is investigated in this study to obtain even more accurate predictions. To do this, the performance of two different ANN types, namely, MLP and RBF, were evaluated and compared. The described methods were applied to the GRC development in both the Mohr-Coulomb and the Hoek-Brown rock mass cases.
In this regard, available solutions with regard to the problem were collected, and a total of 168 and 547 datasets were compiled for the Mohr-Coulomb and the Hoek-Brown cases, respectively. Elastic rock mass properties, peak and residual strength parameters, softening and geometrical parameters, in situ stress, and the convergence of tunnel were employed as the input parameters to predict the internal P i .
After building various one-and two-layer neural networks with the TANSIG transfer function and assessing the values of the coefficient of determination, root-mean-square error, and mean absolute error, the following conclusions were obtained:
•
The ANN-based method appeared to be a highly performant method, applicable to the the development of GRC and the estimation of the P i of circular tunnels; • It was shown that the overall performance of MLP networks was better than that of the RBF networks for both Mohr-Coulomb and Hoek-Brown cases; •
The results obtained from the comparison between neural network and EPR models proved the superiority of ANN to the EPR in the prediction of P i ; •
The proposed networks can be effectively applied by design engineers and practitioners to accurately, time-effectively, and economically obtain the GRC using a new set of data is available; •
The proposed networks can be successfully applied in conjunction with the support characteristic curve to calculate the proper time of the installation of the tunnels' supports; •
Regarding the successful application of ANNs to the problem and as suggestion for future works, the applicability of other soft computing techniques (e.g., genetic programming, ant or bee colony, etc.) can be investigated; •
As another perspective of the current research, stress-strain and time-dependent behavior of rock masses can be studied on the basis of the implementation of viscose constitutive models; •
The formation of damaged zones around the tunnel's surface (which is the subject of new work by the authors) and new EPR and ANN methods for the prediction of pressures are other interesting perspectives suggested by the present paper.
